. Alignment performances at different levels of sequence identity using curated secondary structures. Each cell reports the alignment accuracy, expressed in SPS (Sum of PairS -described in Supplementary Material, Section3), for each alignment at a specific identity threshold. The gap between BEAGLE performances and those from other methods increases with the decreasing of the sequence identity.
*Despite using a folding and aligning approach, LocARNA accepts structural constraints as input that will be used during the folding procedure. Hence, we supply to LocARNA the curated secondary structures in order to be used as constraints. Table S2 . Alignment performances when using predicted secondary structures. As expected, LocARNA is the best performing method because it does not use the predicted secondary structures but folds the RNAs into a consensus structure while aligning. Nevertheless, BEAGLE is the second top scoring method.
*In this case we let LocARNA computes the consensus secondary structure without supplying any constraints. As a consequence, the performances of LocARNA are different from those in Table S3 . For each dataset, running times (in seconds) employed to process the whole datasets are reported (computed on an Intel CoreTM i7-2600K CPU @3.40 GHz with 16GB RAM). In addition, the computational complexities for each method are shown. The cardinality and the average length of the sequences in each dataset are reported under the name of the dataset. The number on the left represents the number of alignments in the dataset. On the right, the average length of the RNAs.
Parameters selection
BEAGLE requires three parameters in input: gap insertion penalty ( ), gap extension penalty ( ) and bonus ( ). The alignment accuracy depends on the values assigned to these parameters. Choosing a correct combination of parameters for each run would require a priori knowledge of the RNAs in input as the optimal parameters might depend on several features (such as primary sequence similarity and the presence of common sub-sequences). Thus, we decided to set as default values a common set of parameters that should provide a good quality alignment in most cases. To determine these default values we exhaustively tested all combinations of parameters in the interval [0,..,5] for the gap extension penalty and in the interval [0,..,1] for the gap opening penalty and the bonus, in steps of 0.1, independently on each dataset (BRAliBase, RNAspa, RNA STRAND, RRS), and we evaluated each parameters combination performance as the mean SPS (Sum of PairS, described in the next paragraph) over each dataset. In order to assure the non-redundancy of the datasets, we verified that no RNA is present in more than one dataset. Moreover, considering that all the RNAs in the datasets are members of an Rfam family, we imposed that different datasets must not share RNAs belonging to the same Rfam family. In other words, if an RNA within a dataset is annotated as part of a specific Rfam family, all the other datasets must not contain RNAs within the same family.
On the other hand, we did not removed RNAs sharing sequence similarity. Indeed, removing the sequence similarity would bias the optimisation of the bonus parameter. The bonus parameter tunes the importance of nucleotide similarity in the alignment, hence reducing the sequence similarity would not allow us to test this parameter in all the possible conditions of sequence similarity and thus preventing us from obtaining a general set of parameters. After the redundancy filters, we run BEAGLE independently on each dataset using different sets of parameters (see table below) resulting in an exhaustive search for the best combination of parameters ( , , ). Table S4 shows the values used for each parameter resulting in a total of (| | * | | * | |) different sets. Where | | represents the number of possible values for .
Parameters Tested Values
As expected, the highest mean SPS for each dataset was obtained using different sets of parameters.
We then selected the set of parameters producing the best results across all the datasets, namely ( =2.0, =0.7, =0.6), and use them as default for the webserver.
Sum of PairS (SPS) score
We used the Sum of PairS score (SPS) (reference 14, main manuscript) as a measure to evaluate the performances of the alignment methods. SPS is defined as the number of 'correct pairs' (aligned nucleotide pairs found in the reference alignment) over the total number of 'predicted pairs' (pairs found in the alignment computed by one of the tested algorithms), and it can be considered as a measure of the sensitivity of a pairwise alignment method. An SPS score of 0 indicates two completely different alignments; conversely, a score of 1 indicates an identical alignment.
z-score and p-value calculation
In order to facilitate the interpretation of the web-server output, we introduced an empirical p-value and z-score to evaluate the structural significance of the alignments. The computation of a statistical measure to evaluate the alignment significance employs a background distribution of scores obtained aligning unrelated sequences. To achieve this, we retrieved from Rfam v.11 all the RNAs belonging to a family annotated with a consensus secondary structure and folded them using RNAfold (minimum free energy method). Then, we binned the RNAs according to their length and structure ratio (i.e. the number of base pairs over the length of the sequence). We used 3 cut-offs for the length and 5 cut-offs for the structure ratio resulting in 15 bins of ~2000 RNAs each (see figure S1 ); the cut-offs were chosen computing the 3-quantiles for the length distribution and the 5-quantiles for the structure ratio distribution. For each pair of bins, we sampled one RNA from one bin and another from the other bin, and aligned them using BEAGLE, repeating the sampling and alignment until obtaining 10 4 pairwise alignments; additionally, we imposed that no RNAs belonging to the same family were to be aligned together. Due to the paucity of the background we could not compute more than 10 4 alignments for each bin pair. For each pair of bins, we computed the distribution of the BEAGLE alignment score normalised by the length of the alignment. To assess the reliability of the z-score and p-value computed using these background distributions, we evaluated the BEAGLE alignments of all the reference pairwise alignments from the four datasets used in this manuscript (BRAliBase, RNAspa, RNA STRAND, RRS). For each pairwise alignment, we computed the length and structure ratio for both RNAs in order to find the correct bin to use as background. Then, we aligned them using BEAGLE and computed the z-score of the normalised score of the BEAGLE alignment as follows:
where Χ is the normalised BEAGLE score for the alignment, is the mean of the normalized BEAGLE scores in the bin and is the standard deviation of the scores in the bin. The empirical p-value was computed as follows:
p-value= # of scores higher than Χ total number of scores where Χ is the normalised score for the alignment, and the total number of scores is 10 4 . As a consequence the lowest possible value for the p-value is 10 -4
. The results for all the datasets were merged together into one dataset. We found a positive correlation (Pearson = 0.59) between z-score and SPS suggesting that the z-score could be a good measure to assess the alignment significance ( Figure S2 ). Indeed, when the z-score is high (above the blue line in Figure S2 ), the SPS is generally higher. Figure S2 shows the correlation between the z-score and the SPS. The red line represents the regression line. The blue line represents a threshold of z-score 3.
All the points in the plot with high SPS and low z-score could be explained considering that the secondary structures were predicted using RNAfold. Specifically, the predicted structures could lead to a correct alignment despite being "repetitive" structures (i.e. frequent artefact simple secondary sub-structures, such as short hairpins, introduced by RNAfold that are found very commonly aligned together in the background) and thus leading to a low z-score. To prove this hypothesis we coloured each point in the previous plot according to the structural distance (computed using RNAdistance) between the predicted secondary structure and the curated secondary structure ( Figure S3 ). Figure S3 . Colour coded plot showing the z-score and SPS of alignments with good (green), fair (yellow) and poor (red) secondary structure predictions. The distances between the curated and the predicted secondary structures were computed using RNAdistance. If the distance between curated and predicted structures is higher than 75% the prediction is marked as "good"; if lower than 25% as "poor" and "fair" for all the remaining cases.
When moving towards high SPS alignments, the majority of the points below the blue line are yellow (fair predicted structures) or red (poorly predicted structures). On the contrary, above the blue line we have more green (good predicted structures) and yellow points. These results confirm that z-score can be used to identify significant structural alignments. Similarly, we found a Pearson correlation=-0.57 between p-value and SPS ( Figure S4 ). Figure S4 . Colour coded plot showing the p-value (logarithmic scale) and SPS of alignments with good (green), fair (yellow) and poor (red) secondary structure predictions. The distances between the curated and the predicted secondary structures were computed using RNAdistance. The blue line represents the regression curve.
However, these results are more blurred and difficult to interpret than the previous ones obtained using z-score. The reason lies in the low number of background comparison (10 4 ) that are not sufficient to efficiently capture the significance of the alignments. By looking at the correlation between the p-values and z-scores ( Figure S5 ) it is clear that the low number of background points does not allow the p-value to discriminate among all those alignments with a z-score higher than three. Figure S5 . The plot shows the correlation between p-value and z-score. Despite the good correlation coefficient, when the z-scores are higher than 5, the corresponding p-values are equal to 10 -4 suggesting that z-score has a higher statistical power than p-value, The reason lies in the low number of alignments used as background. Table S5 shows the number of alignments with a z-score higher than 3 at different levels of SPS. The 93% of the alignments with a z-score equal or higher than 3 have a SPS higher than 0.6. On the contrary, the number of alignments with z-score lower than 3 is more uniformly distributed in all the SPS bins. As a consequence we suggest to consider a high z-score as a measure of good alignments, but not the vice versa.
